Electrochemical micromachining (EMM) appears to be a very promising micromachining process for having higher machining rate, better precision and control, reliability, flexibility, environmental acceptability, and capability of machining a wide range of materials. It permits machining of chemically resistant materials, like titanium, copper alloys, super alloys and stainless steel to be used in biomedical, electronic, micro-electromechanical system and nanoelectromechanical system applications. Therefore, the optimal use of an EMM process for achieving enhanced machining rate and improved profile accuracy demands selection of its various machining parameters. Various optimization tools, primarily Derringer's desirability function approach have been employed by the past researchers for deriving the best parametric settings of EMM processes, which inherently lead to sub-optimal or near optimal solutions. In this paper, an attempt is made to apply an almost new optimization tool, i.e. differential search algorithm (DSA) for parametric optimization of three EMM processes. A comparative study of optimization performance between DSA, genetic algorithm and desirability function approach proves the wide acceptability of DSA as a global optimization tool.
Introduction
Micromachining refers to those processes where material removal takes place in small dimensions ranging from 1-999μm. It also implies machining which cannot be achieved directly using the conventional processes. Recent requirements of the advanced manufacturing industries have forced the introduction of micro-and nano-components into various products, ranging from biomedical applications to chemical micro-reactors and sensors. Micromachining technology plays an important role in miniaturization of the components. It helps in machining of micro-slots, complex surfaces and holes, which require to be produced in large numbers in a single workpiece, especially in electronic, space and automobile industries. If those micro-components are machined using the conventional machining processes, there may be occasional problems of tool wear, tool rigidity, heat generation at the tool-workpiece interface etc. Sometimes, it is also difficult to machine complex and intricate shapes employing the conventional processes. Since there will be continuous demand for miniaturization for efficient space utilization with better quality of products, micromachining technology will become still more important in the future (Bhattacharyya et al., 2004) .
When electrochemical machining (ECM) process is used in the micron range of application, it is called electrochemical micromachining (EMM) process. EMM is a very promising micromachining technology due to its various inherent advantages, like high material removal rate (MRR), better precision and control, reliability, flexibility, environmental acceptability and green manufacturing. It is widely used to machine hard materials at a high MRR, without affecting the tensile strength of the workpiece material and its other physical properties, while ensuring a low surface roughness. It also permits machining of chemically resistant materials like, titanium, copper alloys, super alloys and stainless steel, which are now widely used in biomedical, electronic, micro-electromechanical system (MEMS) and nano-electromechanical system (NEMS) applications. EMM process could be used as one the best micromachining techniques for machining electrically conducting, tough and difficult to machine materials with appropriate combination of machining parameters. The desired quality of the workpiece in EMM process can only be generated through combinational control of its various process parameters. Therefore, the optimal use of EMM process for achieving higher MRR, improved profile accuracy and surface quality demands proper control of its process parameters. However, to exploit the full potential of EMM process, research is still needed to improve the machining accuracy by controlling its different machining parameters and determining the optimal parametric combination. An excellent review on the machining mechanism of EMM process can be found in Bhattacharyya et al. (2004) and Cao et al. (2012) . Bhattacharyya et al. (2001) designed and developed an EMM setup comprising of various mechanical machining components, electrical system, an electrolyte flow system and a microprocessor-controlled end-gap controlling system. Bhattacharyya et al. (2002) developed an EMM system setup for performing basic and fundamental research in the area of EMM, fulfilling the objectives of micromachining. ) investigated the influence of machining voltage, electrolyte concentration, pulse-on time and frequency of pulsed power supply on MRR and accuracy for effective utilization of an ECM system for micromachining operation. ) developed an EMM setup to meet the micromachining requirements, and indicated the most effective zone of predominant process parameters, such as machining voltage and electrolyte concentration for providing the appreciable amount of MRR with less overcut. Bhattacharyya et al. (2005) studied the influence of various EMM process parameters, like machining voltage, electrolyte concentration, pulse period and frequency on MRR, accuracy and surface finish in microscopic domain. Kurita et al. (2006) determined the optimal values of machining voltage, machining pulse length, amplitude of the electrode for flushing out contamination and electrolyte concentration, and carried out three-dimensional shape micromachining at the derived optimal conditions. Bhattacharyya et al. (2007) carried out experiments to determine the optimal values of different EMM process parameters, such as micro-tool vibration frequency, amplitude and electrolyte concentration for producing micro-holes with higher accuracy and appreciable amount of MRR. Using response surface methodology (RSM), Munda et al. (2007) correlated the interactive and higher-order influences of various machining parameters on the combined effect of micro-spark and stray-current machining in an EMM process. Munda and Bhattacharyya (2008) developed a mathematical model for correlating the interactive and higher-order influences of various EMM process parameters, i.e. machining voltage pulse on/off ratio, machining voltage, electrolyte concentration, voltage frequency and tool vibration frequency on MRR and radial overcut (ROC). Munda et al. (2010) developed mathematical models for depicting the interactive and higher-order influences of various machining parameters on ROC in an EMM process. The developed mathematical models would be useful to find out the optimal parametric setting to produce better quality machined products at a higher rate. Li and Niu (2010) carried out experiments to investigate the influence of some EMM process parameters, such as pulse frequency, feed rate of tool, machining voltage and ultrasonic frequency on the machining accuracy of microholes. considered five EMM process parameters, i.e. pulse frequency, machining voltage, duty ratio, electrolyte concentration and micro-tool feed rate, and studied their influences on two important responses, i.e. MRR and machining accuracy, during microchannel generation. The optimal values of those process parameters were also found out employing desirability function approach. studied the effect of various EMM process parameters, i.e. machining voltage, electrolyte concentration, frequency pulse period and duty factor on MRR and machining accuracy to meet the micromachining requirements. Malapati et al. (2012) investigated the influence of different process parameters on micromachining criterion using Taguchi method of robust design, and developed second order regression models to search for the best parametric combination to achieve the desired micromachining characteristics. Mithu et al. (2012) fabricated micro nozzles and micro pockets by EMM process. Rao and Patel (2012) introduced the elitism concept in teaching-learning-based optimization algorithm and investigated the effects of common controlling parameters, like population size and number of generations on the performance of that algorithm. Its optimization performance was also compared with that of other well known evolutionary algorithms. Thanigaivelan and Arunachalam (2013) optimized the process parameters for EMM operation of 304 stainless steel using grey relational analysis. Machining voltage, pulse on-time, electrolyte concentration and tool tip shapes were selected as the typical process parameters, and machining rate and overcut were the responses.
Survey of past research
The past researchers have already applied various optimization tools and techniques, mainly Taguchi method and Derringer's desirability function approach for finding out the optimal settings of EMM process parameters. But, those adopted approaches have several inherent limitations (especially generation of near optimal or sub-optimal solutions and high computational time) which compel the authors to explore the feasibility and acceptability of an almost unexplored optimization tool, i.e. differential search algorithm (DSA) for parametric optimization of EMM processes.
Differential search algorithm
The sustainability and efficiency of food sources available in nature (pastures, water supplies etc.) typically vary with the periodicity of seasonal changes. Thus, it is the characteristic of many species (eusocial, subsocial or presocial) to show seasonal migratory behavior to move to a more thriving habitat (Krebs and Davies, 1997) . The migrating species of living beings constitute a superorganism, containing a large number of individuals.
There are a number of stochastic computational intelligence algorithms that model the behavior of superorganisms. Some of the most popular algorithms in this category include particle swarm optimization (PSO), cuckoo search (CS), artificial bee colony (ABC) algorithm, ant colony optimization (ACO) etc. The differential search algorithm (DSA) is the latest addition to this group. Movement of a superorganism can be described by a Brownian-like random walk model (Trianni et al., 2011) . In DSA, it is assumed that a population made up of random solutions of the respective problem corresponds to an artificial superorganism migration (Civicioglu, 2012) . This superorganism tends to migrate to a global minimum of the problem. In the course of this migration, the artificial superorganism tests whether some randomly selected positions are temporarily suitable for stop-over. If it is so, members of the superorganism that made this discovery immediately settle at this discovered position and continue their migration from here on.
A detailed pseudo code for DSA (Civicioglu, 2012 ) is presented below, and its nuances are explained in the subsequent paragraphs of this section. 
37: end for
A member of an artificial organism, in its initial position, is defined by the following equation:
Subsequently, the artificial organisms are defined by X i = [x i,j ] and the superorganism made up of these artificial organisms is denoted by Superorganism g = [X i ]. The mechanism of finding a stop-over site involves implementation of the Brownian-like random walk model (Trianni et al., 2011) . The randomly selected individuals of the artificial organisms move towards the targets of donor = [X Random_Shuffling(i) ] in order to discover these stop-over sites, which are pivotal for a successful migration. The magnitude of the change in positions of the members of the artificial organisms is governed by the Scale factor. The value of Scale is determined using a gamma random number generator (randg), which in turn, is controlled by a uniform random number generator (rand). This coding structure (refer to line 5 of pseudo code) allows the artificial superorganism to radically change direction within the habitat.
The expression for a stop-over site position is given by the following equation:
The members which participate in the search process for stop-over sites are determined by a stochastic scheme (lines 8-28 of pseudo code). Since this process is completely random, there is a probability that an element of the stop-over site is beyond the limits of the habitat (i.e. search space). To make the code foolproof against this situation, a suitable check is hence devised (lines 31-33 of pseudo-code).
If a stop-over site is more thriving than the sources owned by the artificial organism, the artificial organism moves to the newly discovered stop-over site. While the artificial organisms change site, the superorganism continues its migration towards the global optimum.
Two unique characteristics of DSA make it a successful search tool for solution of multi-modal functions. Firstly, DSA may simultaneously use more than one individual; and secondly, this algorithm has no inclination to go towards the so-called best possible solution of the problem. These features are unlike the other existing algorithms, like PSO, ABC etc. These traits are also evident from the nature of the scatter plots generated by DSA (given in sub-section 4.1 of this paper). The scatter diagrams generated by algorithms, like ABC and PSO clearly show a clustering of navigated data points near the optima (Samanta & Chakraborty, 2011) . But in case of DSA, such a behavior is not to be observed (refer to scatter diagrams given in sub-section 4.1 of this paper).
The DSA has only two control parameters, p 1 and p 2 (line 7 of pseudo code). Civicioglu (2012) conducted detailed tests to determine the most appropriate values for these two control parameters, and concluded that this algorithm is not much sensitive to the values of p 1 and p 2 . The straightforward algorithmic structure of DSA allows for its easy application in practical engineering problems of interest.
Illustrative examples
In order to prove and validate the usefulness, applicability and solution accuracy of DSA in solving complex polynomial mathematical functions, the following three real time optimization problems are considered. In all these three cases, the past researchers developed RSM-based equations correlating the responses with various EMM process parameters and adopted different optimization tools to search out the optimal combinations of the EMM process parameters for enhanced machining performance. In this paper, those RSM-based equations are considered for both single and multi-objective optimization of the responses employing DSA tool.
Example 1
Malapati and Bhattacharyya (2011) developed an EMM setup to study the influence of various process parameters, like pulse frequency, machining voltage, duty ratio, electrolyte concentration and microtool feed rate on MRR, width-overcut (WOC), length-overcut (LOC) and linearity during microchannel generation. In order to develop the relationships between the considered five EMM process parameters and responses, 32 experiments were conducted on bare copper plates (15mm×10mm×0.15mm) using a central composite half factorial second-order rotatable design plan. Each of the EMM process parameters was set at five different levels, as given in Table 1 . Among the considered responses, MRR is the ratio of difference in weights (final weight − initial weight) to the machining time, WOC is the excess dimensional machining across the micro-channel, LOC is the excess dimensional machining along the micro-channel and linearity is defined as the uniformity of width along the length of the generated micro-channel. Using the experimental data and with the help of MINITAB software, developed four RSM-based equations for the considered responses, as given by Eqs. (3-6), to explore the interactive and higher-order effects of various EMM process parameters on the responses. 
Single objective optimization
In single objective optimization, all the four responses of the considered EMM process, i.e. MRR, WOC, LOC and linearity, are separately optimized using DSA. Among these responses, MRR needs to be maximized and the remaining three responses are to be minimized. For all these single objective optimization problems, the constraints are set as 40 ≤ x 1 ≤ 80, 7 ≤ x 2 ≤ 11, 30 ≤ x 3 ≤ 70, 50 ≤ x 4 ≤ 90 and 150 ≤ x 5 ≤ 250. In Table 2 , the results of single objective optimization of the responses are presented and it is observed that different combinations of the optimal EMM process parameters are attained by DSA for different responses. It may simply become impossible for the process engineers to set different EMM process parameter settings for attaining the desired values of the responses. This compels implementation of multi-objective optimization technique for achieving a unique combination of process parameters to simultaneously attain all the preferred values of the responses. Table 2 also compares the optimization performance of DSA with that of genetic algorithm (GA) which has already become a quite prominent population-based approach for dealing with complex optimization problems. It is quite evident from the optimization results of Table 2 that DSA outperforms GA with respect to the values of all the considered responses. While solving the above-mentioned single objective optimization problems on an Intel® Core™ i5-2450M CPU @ 2.50 GHz with 4.00 GB RAM computing platform, the average computational time taken by DSA is 8.11sec, whereas, GA takes an average of 12.41 sec to solve those problems. Fig. 1 compares the convergence of DSA and GA for all the four responses and it is clear that DSA is quite faster than GA in achieving the optimal values of the responses. As did not perform any single objective optimization of the responses, the results of DSA cannot be compared with theirs. Malapati and Bhattacharyya (2011) observed that MRR would increase with the increasing values of duty ratio up to a level of duty ratio = 50%, and then it would start decreasing rapidly. Due to increase in duty ratio, the on-time of pulse period would increase, causing an increase in MRR. Usually, the dissolved machining products are flushed out from the machining zone during off-time of pulse period.
Increase in duty ratio would also increase the dissolution rate, and these products cannot be efficiently flushed out, once the duty ratio crosses the limit of 50%. Up to 50% duty ratio, the on-time is lower than off-time of pulse period, hence, the dissolved products can be flushed out easily. Beyond 50% duty ratio, the dissolved products may pile up in the machining zone, disrupting the dissolution process and reducing the MRR. It was also found out that MRR would increase with electrolyte concentration. At higher concentration, more ions would be associated with machining, thus increasing the current density that would lead to higher MRR. Due to increase in machining voltage, machining current would also increase, leading to increase in current density which causes higher MRR. It was also observed that the value of MRR would increase non-linearly with increasing values of machining voltage. At higher machining voltage, ions associated with the machining process would be more, which may have an impact in enhancing the value of MRR. Differential Search Algorithm MRR, mg/min Micro-tool feed rate, m/sec
Fig. 2. Change of MRR with respect to various EMM process parameters
It was observed that WOC would be the minimum for lower duty ratio and machining voltage. Increase in duty ratio would increase the dissolution rate and, at the same time, decrease the off-time. So these dissolved products cannot be flushed out completely from the machining zone during a short span of off-time; they disturb the dissolution process and sometimes stick between the micro-tool and the workpiece, causing poor localization effects which in turn cause larger overcut. Furthermore, at higher machining voltage, electrochemical reactions generate hydrogen gas bubbles, which break down resulting in the occurrence of micro-sparks, causing uncontrollable material removal in the periphery of the micro-channel, which, in turn, produces larger overcut. Figures 2 and 3 respectively exhibit the variations of MRR and WOC with varying values of the EMM process parameters. These scatter diagrams clearly corroborate with the findings of . Similar types of scatter diagrams exhibiting variations of LOC and linearity are also developed which are not shown here due to lack of space. (2011) WOC, mm
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Fig. 3. Variations of WOC for different EMM process parameters

Multi-objective optimization
In multi-objective optimization, all the four responses are simultaneously optimized and for this, the following combined objective function is developed. 
where Y WOC , Y LOC , Y Linearity and Y MRR are the RSM-based equations for WOC, LOC, Linearity and MRR respectively as developed using the experimental data; w 1 , w 2 , w 3 and w 4 are the weight/priorities assigned to WOC, LOC, Linearity and MRR respectively; and (WOC) min , (LOC) min , (Linearity) min and (MRR) max are respectively the optimal values of the considered responses as obtained from the single objective optimization results. The weights need to be assigned to the responses in such a way that they must add up to one. Sometimes, analytic hierarchy process may be helpful to determine the weight values to be allocated to the responses. In this case, equal weights, i.e. w 1 = w 2 = w 3 = w 4 = 0.25, are assigned to all the four responses. The same set of constraints as considered for single objective optimization is also used here for multi-objective optimization.
After solving the combined objective function of Eq. (7) using DSA, the multi-objective optimization results of Table 3 are obtained. It is observed that a combination of EMM process parameters given by pulse frequency = 80.0000 kHz, machining voltage = 8.3340V, duty ratio = 64.6364%, electrolyte concentration = 69.1625g/l and micro-tool feed rate = 181.4039μm/sec provides the simultaneously optimized values of the four responses as MRR = 4.8279 mg/min, WOC = 0.00006 mm, LOC = 0.0861 mm and linearity = 0.00053. The minimum objective function value (Z 1 ) is achieved as -0.0341. After solving the multi-objective optimization problem for the EMM process using composite desirability function approach, determined the optimal combination of various machining parameters as pulse frequency of 52.2818 kHz, machining voltage of 10.1033 V, duty ratio of 68.3890%, electrolyte concentration of 85.1515 g/l and micro-tool feed rate of 208.5860 μm/sec, where maximum MRR (3.1039 mg/min) and minimum values of accuracy (WOC of 0.0003 mm, LOC of 0.1676 mm and linearity of 0.0691) were achieved. It can be concluded that the optimal values of all the four responses as derived by DSA are far better than those achieved by through their experiments. 
Example 2
Munda and Bhattacharyya (2008) considered pulse on/off ratio, machining voltage, electrolyte concentration, voltage frequency and tool vibration frequency during EMM operation to investigate their effects on MRR and radial overcut (ROC) of the machined components. The experimentation plan was designed not only to obtain the optimal scheme for multi-variable experimentation, but also to perform studies for exploring the interactive and higher-order effects of various process parameters. A stainless steel wire of diameter 335μm was used as the micro tool for the experimentation and the workpiece specimens were 15×10×0.15 mm bare copper plates. A central composite half fraction second-order rotatable design with 32 experiments was adopted for studying the relationship between the process parameters and responses. The original values of EMM process parameters with their corresponding levels are shown in Table 4 . The developed RSM-based equations for MRR and ROC are respectively given in Eqs. (5-6).
Table 4
EMM process parameters and their levels (Munda and Bhattacharyya, 2008 
Single objective optimization
Now employing DSA, the RSM-based equations, as given in Eqns. (8)- (9) for the two responses, i.e. MRR and ROC, are separately optimized. In this case, MRR needs to be maximized while minimization of ROC is required. For optimizing the RSM-based equations for the two responses, the constraints are set as 0.5 ≤ x 1 ≤ 2.5, 2.5 ≤ x 2 ≤ 4.5, 10 ≤ x 3 ≤ 30, 35 ≤ x 4 ≤ 55 and 100 ≤ x 5 ≤ 300. The results of single objective optimization using DSA are provided in Table 5 . Again, two different sets of optimal EMM process parameter combinations are derived for the two separate responses. Table 5 also compares the optimal values of the responses as derived by DSA with those obtained by GA. It is again proved that DSA is superior to GA with respect to their optimization performance. Figure 4 shows the convergence of DSA and GA for the considered two responses. As Munda and Bhattacharyya (2008) did not perform any single objective optimization of the responses, so the optimal solutions as achieved applying DSA cannot be compared with those of the past researchers. The effects of various EMM process parameters on MRR and ROC are also observed through the developed scatter diagrams and the trends exactly match with those identified by Munda and Bhattacharyya (2008) . 
Multi-objective optimization
In order to simultaneously optimize both the responses, the following objective function of Eqn. (10) is developed:
where Y ROC and Y MRR are the RSM-based equations for ROC and MRR respectively; w 1 and w 2 are the weight/priorities assigned to ROC and MRR respectively; and (ROC) min and (MRR) max are respectively the optimal values of the considered responses as obtained from the single objective optimization results. Here, equal weights, i.e. w 1 = w 2 = 0.50 are allocated to both the responses. From the results of multi-objective optimization as obtained using DSA and shown in Table 6 , it is observed that the maximum MRR value of 0.8354 g/min and minimum ROC value of 0.0097 mm are obtained at the optimal combination of EMM process parameters of pulse on/off ratio = 0.5000, machining voltage = 4.0974V, electrolyte concentration = 30.0000g/l, voltage frequency = 47.0184 Hz and tool vibration frequency = 300.0000Hz. The value of the minimum objective function (Z 2 ) is found as -0.0810. Munda and Bhattacharyya (2008) determined the maximum MRR value as 0.700 g/min and minimum ROC value as around 20μm at the optimal parametric combination of pulse on/off ratio = 1.0, machining voltage = 3 V, electrolyte concentration = 15g/l, voltage frequency = 42.118Hz and tool vibration frequency = 300 Hz. Thus, it can be claimed that while using DSA, the value of MRR is increased from 0.700 g/min to 0.8354 g/min and the ROC value is drastically reduced from 20μm to 9μm. 
Example 3
After taking into consideration pulse on/off ratio, machining voltage, electrolyte concentration, voltage pulse frequency and tool vibration frequency as the five major EMM process parameters, Munda et al. (2007) studied their influences on micro-spark and stray-current affected zone (MSAZ) (in mm) of the machined surface. The value of MSAZ is quantified as the average difference between the hole radius to the distances between centre of the hole and different points along the curve that indicate the straycurrent and micro-spark affected zone. Each of the EMM process parameters was set at five different levels, as given in Table 7 . Based on a central composite half fraction second-order rotatable design plan and using the experimental data, the RSM-based regression equation, as given in Eqn. (11), was developed to study the interactive and higher-order effects of various EMM process parameters on MSAZ.
Table7
EMM process parameters and their levels Parameter 
The RSM-based equation depicting the interrelationship between various EMM process parameters and MSAZ is now minimized with respect to the constraints set as 0.5 ≤ x 1 ≤ 2.5, 2.5 ≤ x 2 ≤ 4.5, 10 ≤ x 3 ≤ 30, 35 ≤ x 4 ≤ 55 and 100 ≤ x 5 ≤ 300. The results of single objective optimization obtained using DSA and GA are exhibited in Table 8 . Employing desirability function approach, Munda et al. (2007) observed the optimal setting of various process parameters as pulse on/off ratio = 2.1618, machining voltage = 2.8347 V, electrolyte concentration = 10 g/l, voltage frequency = 35 Hz and tool vibration frequency = 100 Hz, and a minimum MSAZ value of 1×10 -4 mm. From Table 8 , it is found that the minimum values of MSAZ are 4.1×10 -7 mm and 1.23×10 -4 mm respectively when the same optimization problem is solved using DSA and GA techniques. Hence, it can be concluded that the adopted DSA is far superior to GA and desirability function approach with respect to their optimization performance and computational speed. Figure 5 compares the convergence of DSA and GA for this single objective optimization problem. In this example, as there is only a single response, i.e. MSAZ, multi-objective optimization cannot be performed.
Conclusions
For having enhanced MRR, better surface finish and surface integrity, it is always demanded that the machining parameters of the EMM processes are set at their optimal values. In this paper, three examples leading to parametric optimization of EMM processes are considered and subsequently solved using DSA technique, which is an almost unexplored optimization tool for dealing with complex multi-modal mathematical functions. It is observed that in all the three cases, DSA provides better values of the considered responses (both for single and multi-objective optimization) when compared to those observed by the past researchers. When the optimization performance of DSA is compared with that of GA, the most popular population-based optimization method, it is again found that DSA outperforms GA in all the three examples. Not entirely depending upon the manufactures' data or handbook data, the process engineers can now set the EMM processes at their optimal settings for having improved machining performance. As a future scope, the optimization performance of DSA can also be compared with that of other familiar evolutionary algorithms, like ACO, PSO, ABC, simulated annealing and biogeography-based optimization techniques. The applicability of DSA for parametric optimization of other non-traditional machining processes, like laser machining process, wire electric discharge machining process, plasma arc machining process, electro-chemical discharge machining process can also be experimented.
